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This paper investigates whether the agglomeration of economic activity in regional clusters affects long-run manufacturing total factor productivity growth in an emerging market context. It explores a large firm-level panel dataset for Chile during a period characterized by high growth rates and rising regional income inequality (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) . The findings are clear-cut. Locations with greater concentration of a particular sector did not experience faster growth in total factor productivity This paper is a product of the Trade and Integration Team, Development Research Group. It is part of a larger effort by the World Bank to provide open access to its research and make a contribution to development policy discussions around the world. Policy Research Working Papers are also posted on the Web at http://econ.worldbank.org. The author may be contacted at afernandes@worldbank.org. during this period. Rather, local sector diversity was associated with higher long-run growth in total factor productivity. However, there is no evidence that the diversity effect was driven by the local interaction with a set of suppliers and/or clients. The authors interpret this as evidence that agglomeration economies are driven by other factors, such as the sharing of access to specialized inputs not provided solely by a single sector, such as skills or financing. 1
Introduction
Episodes of fast growth accompanied by large increases in within-country income inequality were experienced across developing countries during the 1980s and 1990s.
Chile was no exception: its economy experienced a sharp recovery after the 1980s" debt crisis and sustained growth throughout most of the 1990s and 2000s but growth was uneven across regions.
1 Between 1998 and 2000, Antofogasta, one of the richest regions, experienced growth in GDP per capita three times faster than that of La Araucaina, the poorest region (Duncan and Fuentes, 2006) . This uneven growth was accompanied by the agglomeration of economic activity in a few industrial clusters. These clusters are groups of firms and related actors and institutions located near one another that draw productive advantage from their mutual proximity and connections (Cortright, 2006) . The importance of firm agglomeration in industrial clusters for long-run growth has been emphasized by Porter (1990) .
This paper investigates which type of agglomeration externalities was most conducive of the regional long-run growth pattern in Chilean manufacturing productivity between 1992 and 2004. We ask whether more specialized locations experienced faster long-run productivity growth relative to locations where economic activity was more diversified. We use a rich panel of firm-level data to obtain consistent estimates of total factor productivity (TFP) at the sector-location level. Our findings are supportive of the idea that locations with a more diverse set of activities exhibit higher long-run manufacturing TFP growth. We conjecture that geographical proximity led firms to share the access to specialized inputs provided by multiple sectors ranging from the availability 2 of relevant skills, accessible technology, adequate financing, infrastructure, advanced communications, and/or a sound regulatory climate.
The importance of scale economies for the agglomeration of economic activity has been emphasized since Marshall (1920) . It is beneficial to locate where other firms in the same sector already produce due to the availability of intermediate goods, of a specialized labor force and large product demand, and to local knowledge diffusion. Jaffe et al. (1993) , Branstetter (2001) , and Keller (2002) show that knowledge externalities and technological spillovers are regional in scope. Consequently, knowledge accumulation in a geographical area can be a key driver of local productivity growth.
There are several theories on the types of externalities involved in this process.
Marshall (1890), Arrow (1962) , and Romer (1986) argue that the main agglomeration externality derives from a build-up of knowledge associated with communications among local firms in the same sector (MAR externalities or localization economies). The concentration of a sector in a location helps knowledge spillovers between firms and thus that sector's growth in the location. Alternative theories such as Jacobs (1969) focus on the importance of the cross-fertilization of ideas across different sectors to promote innovation and growth (Jacobs externalities or urbanization economies). 2 According to this theory, greater diversity of sectors in a location leads to higher sector growth.
Finally, the degree of local competition in a sector can also influence knowledge creation and productivity growth. Under MAR externalities, a local monopoly benefits local growth by restricting the flow of ideas to others and allowing externalities to be 3 internalized by the monopolist innovator. 3 In contrast, Jacobs (1969) and Nickell (1996) argue that competition is more conducive to innovation and productivity growth.
4
Our paper relates to the empirical literature determining the type of externalities that would be more beneficial using employment growth to proxy for productivity growth. The use of employment growth is based on the assumption that more productive regions attract more workers in the long-run. However, this approach requires the assumption that employment and productivity growth correlate positively across regions.
However, in several cases this might not be verified. First, if labor markets are local and labor supply shifts differently across regions (e.g., due to migration), employment and productivity growth do not necessarily covary. Second, if congestion externalities such as air pollution shift labor supply and demand simultaneously, the increase in employment growth may be smaller than the increase in labor demand. Third, if output demand is very inelastic in some sectors, increases in productivity may translate into small labor demand increases as firms are able to produce more output with the same labor input, and the sector's employment in the region may actually decline. Finally, if technological growth is labor-biased in some sectors, productivity growth may not translate into employment growth. 5 The evidence using employment growth is mixed. Glaeser et al. (1992) find that sectoral diversity in U.S. cities fosters employment growth in most industries while Henderson et al. (1995) find evidence of MAR externalities for mature capital goods and high-tech industries, but of Jacobs externalities only for the latter. Almeida (2007) and 3 See Schumpeter (1942) on monopoly rents and innovation. 4 Porter externalities designate externalities associated with a more competitive environment. Since Porter (1998) believes that intra-sectoral knowledge spillovers are the most relevant, the test for Porter externalities would embody both specialization and competition effects. 5 See Almeida (2007) and Cingano and Schivardi (2002) .
Combes (2000) show a negative effect of local concentration on sectoral employment growth in Portugal and France.
As richer sector and firm-level datasets became available, direct measures of productivity growth have been used in more recent studies. De Lucio et al. (2002) explore sector-level labor productivity growth for Spanish provinces while Almeida (2007) explores wage-adjusted growth for Portuguese regions: both find evidence of MAR externalities and no evidence of Jacobs or Porter externalities. Brülhart and Mathys (2008) find a weak negative effect of own-sector density but a positive effect of othersector density on regional manufacturing labor productivity growth in 20 European countries. Dekle (2002) finds no evidence of MAR or Jacob externalities using sectoral manufacturing TFP growth measures for Japanese prefectures.
Notwithstanding the importance of the topic, much less evidence is available for developing or emerging economies. Hanson (1998) shows that within-industry agglomeration and local diversity have negative effects on employment growth of Mexican industries prior to trade liberalization. Henderson et al. (2001) provide evidence of MAR externalities and Jacobs externalities for industry-level labor productivity across South Korean cities, the latter being particularly relevant for high-tech industries. In contrast, Gao (2004) finds no effects of local specialization nor local diversity on output growth of 2-digit industries in Chinese provinces. Henderson (2003) and Cingano and Schivardi (2004) are among the few studies exploring TFP measures computed at the micro level. Henderson (2003) shows that U.S. Henderson"s specification relates plant-level time-varying output controlling for inputs (i.e., TFP levels) to time-varying agglomeration indices at the industry-location level hence is at a more disaggregated level than those in earlier papers. Cingano and Schivardi (2004) estimate production functions for Italian industries using firm-level survey data and following the Olley and Pakes (1996) methodology. Based on growth in industryregion averages of their firm-level TFP estimates, they find evidence of MAR externalities but no effects of sector competition or diversity.
6
Our paper"s contribution is threefold. First, we examine the importance of the local economic structure -concentration, specialization, and competition -for long-run TFP growth at the sector-location level using manufacturing census data for an emerging economy. We differ from Henderson (2003) and Lopez and Südekum (2009) since we focus on long-run, rather than on yearly effects of the local economic structure.
Furthermore, we focus on TFP growth, rather than TFP levels, as our outcome variable.
By considering long-run effects, our paper mitigates the potential concern of a spurious relationship between agglomeration and TFP growth that could arise from the correlation between unobserved determinants of TFP growth across sectors and regions and the agglomeration measures (Martin et al., 2009) . Our inclusion of sectoral and regional fixed effects in some specifications explicitly addresses this concern. Second, our estimates of TFP are unbiased, obtained as the residuals from flexible translog production 6 functions estimated following the Levinsohn and Petrin (2003) Jacobs dynamic externalities under the assumption that the local knowledge stock grows over time and affects long-run growth as in Romer (1986) . For example, the wood products sector in the Bibio province has a very high concentration index and its TFP in that location declined by 1.3% between 1992 and 2004. This contrasts with the food products sector whose TFP growth was more than 50% over the sample period in the province of Malleco which exhibits one of the highest sectoral diversities in the country.
Our findings are in line with those for European regions by Brülhart and Mathys (2008) .
Our main findings are robust to multiple sensitivity checks such as including sector-7 location characteristics such as the market size, possibly related to long-run TFP growth and the local economic structure. Our evidence does not support the idea that the estimated dynamic knowledge externalities are driven by either suppliers or clients.
Rather, it suggests that those externalities are likely to occur through other types of interactions driven by the local proximity of sectors.
Our findings have important policy implications for the design of urban development policies. By showing that locations with a more diverse set of industrial activities exhibit faster TFP growth, our evidence does not support the formation of homogeneous but rather of heterogeneous industrial clusters. The rest of the paper is organized as follows. In Section 2, we discuss the data and the TFP measures. Section 3 describes the empirical methodology and the indices measuring the local economic structure. Section 4 presents the main findings and Section 5 discusses the sensitivity analysis. Section 6 concludes.
Data and TFP Measures

Data
We explore the Encuesta Nacional Industrial Annual ( provinces, and 187 comunas. The unit of analysis in our empirical specifications is a 3-digit sector-comuna cell. Our estimating sample includes 853 sector-comunas which include on average 5 firms as shown in Table 1 . 
TFP Measures
Our empirical approach relates long-run TFP growth of a sector-location to the local economic structure in 1992. We proceed in two steps to obtain estimates of TFP growth at the sector-location level. First, we obtain firm-level TFP estimates based on the Chilean dataset. Second, we average these firm-level TFP estimates up to the sectorlocation level and correspondingly compute TFP growth.
To implement the first step, we assume that within each 2-digit ISIC sector, firm i produces output based on a general and flexible translog production function in period t:
where Y is real output and the inputs z X are labor, real materials, electricity and the capital stock, it  is a productivity shock known to the firm but unobserved by the 9 We use the words plant and firm interchangeably, although plants are the unit on which the ENIA survey collects data. Between 1997 and 2003 only 8.3% of Chilean plants are part of a multi-plant firm (Fernandes and Paunov, 2011) . 10 Due to a reorganization of the Chilean territory during our sample period, our final sample includes sector-comunas present in the first and last sample Production function estimation is challenging due to the simultaneity between variable inputs and output both chosen by the firm manager with knowledge of its own Griliches and Mairesse, 1995) . Estimating Eq. (1) by OLS would provide biased production function estimates. 12 We estimate Eq. (1) following the LP procedure that builds upon that of Olley and Pakes (1996) but relies on an intermediate input used by all firms, instead of investment, to correct for simultaneity. Since our firmlevel TFP estimates are averaged up to obtain sector-location TFP grow it is particularly important to rely on a proxy for unobserved productivity that does not reduce the sample size. 13 We use electricity as the proxy for unobserved productivity.
The LP methodology proceeds in two stages. In the first stage, the coefficients on labor, materials, and interaction terms are estimated by semi-parametric techniques.
Assuming that firm demand for electricity increases monotonically with productivity (conditional on the capital stock), that demand can be inverted to express the unobservable productivity as a function of observables: electricity and capital. 14 A nonparametric estimate of this inverse function is used to control for unobservable productivity, removing the simultaneity bias. In the second stage, the coefficients on electricity and capital are obtained by generalized method of moments techniques making 10 the identification assumption that capital adjusts with a lag to productivity. 15 The consistent LP production function coefficient estimates are shown in Table 2 .
To implement the second step, we use those production function estimates to compute firm-level TFP estimates as residuals from Eq. (1). We average the firm-level TFP estimates at the sector-comuna level using firm-level employment shares as weights, and compute the corresponding growth rate between 1992 and 2004 to obtain sectorcomuna TFP growth.
Empirical Specification and Local Economic Structure Measures
Our empirical specification relating TFP growth with the local economic structure pools across Chilean sector-comuna cells and is given by: shocks experienced by some sectors and comunas that may be correlated with the local economic structure.
Our measure of the degree of sector concentration (specialization) in a location follows Glaeser et al. (1992) : The degree of sector diversity in a location is measured by a HirschmanHerfindhal index following Henderson et al. (1995) : The degree of sector competition in a location is measured by the inverse of a Hirschman-Herfindhal index as in Combes (2000): and 2004, we believe this assumption is not too restrictive. We try to address the potential endogeneity of the annual variation in the agglomeration indices with respect to TFP growth by estimating a reduced form relating initial local economic structure with longrun TFP growth. Another implicit assumption in Eq. (2) is that the parameters of interest are common across sectors (with the exception of the fixed effect). Column (5) reports our baseline specification including simultaneously all the agglomeration indices while columns (6) and (7) is consistent with the empirical evidence for China (Gao, 2004) , France (Combes, 2000) ,
Main Findings
Mexico (Hanson, 1998) , and the U.S. (Glaeser et al., 1992) .
Our results also support the existence of Jacobs externalities i.e., the comunas The finding of Jacobs externalities for Chile is consistent with empirical evidence for the U.S. in Glaeser et al. (1992) and Henderson et al. (1995) . Unfortunately our sample does 16 The implied magnitude over the 12-year sample period is obtained as 1  *(quartile 3 ( 14 not cover services. Therefore, some of the estimated benefits of local diversity may be partly attributed to the presence of a diversified set of service sectors in locations where a diversified set of manufacturing sectors is also present.
Our estimates in Table 3 suggest that the initial degree of competition as well as the initial average firm size in the sector-comuna have negative but weak effects on TFP growth in Chile. Columns (6) and (7) show that this is obtained even when only one of these proxies for competition is included. The weakness in competition effects on TFP growth is not surprising given the theoretical ambiguity discussed in Section 1. Finally, the strong negative effect of the initial TFP level in the sector-comuna on subsequent TFP growth indicates an important degree of TFP convergence over the long-run.
One concern with Table 3 is that the effects of agglomeration externalities proxy for other characteristics of sector-comuna cells. Although the specifications control for the initial sector-comuna TFP level, other sector-comuna characteristics such as the size of the local market, may bias our estimates. Table 4 presents the results from estimating Eq. (2) including additional sector-comuna controls as of 1992: total employment in column (1), total output in column (2), total capital in column (3), total intermediate inputs in column (4), and total skilled labor in column (5). The significant negative MAR externalities and the positive Jacobs externalities on TFP growth remain. The weak effects of the competition index remain while average firm size has a significant negative effect on TFP growth in column (3).
Sensitivity Analysis
Our main findings for Chile suggest that the source of local agglomeration externalities is sectoral diversity. That is, while knowledge spillovers across firms in a given sector may hurt industrial TFP growth in a location, the cross-fertilization of ideas across firms in different sectors promotes industrial TFP growth in the location. To check the robustness of our main findings in column (5) of Table 3 , we conduct several sensitivity tests, reported in Table 4 . First, we exclude from the sample the petroleum and tobacco sectors which are characterized by a small number of firms concentrated in a small number of comunas and by a large degree of state control and for which TFP growth may not be linked to market-related dynamic externalities. Column (1) of Table 5 shows that our findings are robust to those sectors" exclusion.
A possible concern is that dynamic agglomeration externalities at the local level differ across sectors. For example, knowledge spillovers may be more important in sectors with rapidly changing technologies. While much of the literature on European manufacturing focuses on the role of networks and clusters in fostering the viability of small firms in traditional sectors, it is possible that less traditional sectors benefit more from spillovers. In columns (2) and (3) of Table 5 we allow the intensity of the agglomeration externalities to differ across high-and low-tech sectors, defined according to the OECD classification (see the appendix). The results for the high-tech sample are weaker than those for the low-tech or the full samples due to its smaller size, but the effects of concentration and diversity are qualitatively similar across the two types of sectors.
In column (4) of The results on concentration and diversity are qualitatively maintained.
Since TFP growth for a sector-comuna cell is calculated as the growth between 1992 and 2004 of sector-comuna TFP levels obtained as the average of the TFP of firms in that cell, more precise TFP estimates are expected for cells including larger numbers of firms. In column (5) of Table 3 we present the results from estimating Eq. (2) using weighted least squares, where each cell is weighted by its number of firms. Our findings are maintained though the negative effect of diversity is weaker.
In columns (6)- (7) of Table 5 , we examine whether our findings are driven by the measurement of our dependent variable. In column (6) we obtain sector-comuna TFP as the simple average of firm-level TFP estimates while in column (7) we obtain sectorcomuna TFP as the employment-weighted average of firm-level TFP estimates based on OLS translog production function coefficients. The significant effects of concentration and diversity as well as the weak effects of competition and average size are maintained.
The reduced form reported in Eq. (2) may suffer from an omitted variables problem related with geographical location: time-invariant location characteristics such as geography, natural resources, or access to markets may simultaneously affect both sector-location TFP growth and local economic structure. Table 6 reports the findings from adding location fixed effects at various disaggregation levels to Eq. (2). Column (1) adds region fixed effects while columns (2) and (3) add, respectively, province and comuna fixed effects. The effects of concentration and diversity are qualitatively maintained when time-invariant location characteristics are controlled for though their significance weakens in columns (2)-(3). In column (4) we estimate Eq. (2) excluding from the sample the smallest provinces (measured by total population) which may be less prone to benefit from agglomeration externalities. We obtain similar results to those in our baseline specification.
To analyze the extent to which our findings based on TFP growth differ from those based on employment growth, Table 7 shows the results of estimating Eq. (2) using sector-comuna employment growth between 1992 and 2004 as dependent variable. The estimates in column (5) suggest no evidence of MAR externalities, evidence of negative Jacobs externalities, no effect of competition, and a negative effect of initial average firm size on employment growth. There is evidence of convergence, i.e., sector-comuna cells with lower employment levels in 1992 exhibit higher employment growth subsequently.
As explained in Section 1 there are several reasons why employment and productivity growth do not necessarily covary. We interpret the findings in Table 7 as showing the importance of constructing careful TFP estimates and the corresponding growth ratesinstead of employment growth rates -to assess the long-run effect of the local economic structure on growth.
In Table 8 , we delve further into the evidence of Jacobs externalities by examining the extent to which sector-comuna TFP growth is related to vertical linkages, namely the presence of firms in upstream (potential suppliers) or downstream (potential buyers) sectors. Suppliers and buyers are possible conduits for knowledge spillovers through informal contacts or the mobility of skilled labor. For example, a firm that
incorporates new higher quality inputs into its final product may reap some of the benefits from its suppliers" knowledge. Similarly, incremental improvements in process technology can result from knowledge sharing between suppliers and downstream firms.
Finally, buyer firms may foster productivity in their suppliers through increased training of the workforce, quality control, inventory management, technical assistance, or product development (see e.g., Amiti and Cameron, 2007; Javorcik, 2004; Blalock and Gertler, 2007) . We estimate a variant of Eq. (2) where the diversity index given by Eq. (3) is calculated separately for suppliers and non-suppliers (column (1)) or for buyers and nonbuyers (column (2)). We identify suppliers and buyers based on the 1986 Chilean inputoutput matrix. 19 The estimates in Table 8 show significantly negative MAR externalities and no effects of competition nor average firm size. Regarding diversity, columns (1) and (2) show that the diversity of non-suppliers and the diversity of non-buyers are the most important types of sectoral diversity for TFP growth. These findings go against our priors from the agglomeration literature and the findings in Amiti and Cameron (2007) . While our input-output linkages measures are imperfect -because they are based on a national input-output table rather than regional input-output tables -our findings suggest that the sectoral diversity unrelated to supplier and clients is what matters most for TFP growth.
Such agglomeration externalities could happen through the exchange of ideas and workers through labor pooling, knowledge spillovers, or the availability of financing. The implicit assumption is that input-output relations hold across locations. For any 3-digit sector j we calculate the share that each 3-digit sector represents in its intermediate input usage, we rank those shares in ascending order and compute the cumulative sum of shares. "Suppliers" are the 3-digit sectors whose cumulative sum of shares in total intermediate inputs is closest (from above) to 90%. "Non-suppliers" are all other 3-digit sectors. Similarly, for any 3-digit sector j we calculate the share that each 3-digit sector represents in its sales, we rank those shares in ascending order and compute a cumulative sum of shares. "Buyers" are the 3-digit sectors whose cumulative sum of shares in output sales is closest (from above) to 90%. "Non-buyers" are all other 3-digit sectors. For any given sector j, sector j itself is always included as part of the set of supplier sectors as well as of the set of buyer sectors. However sector j is excluded by definition from the calculation of the diversity index. dynamic externalities. Moreover, some externalities could have been relevant in the medium-run but vanish over the long-run. Table 8 presents the results of estimating Eq.
(2) considering three sub-periods for TFP growth rates : 1992-1996, 1996-2000, and 2000-2004 . For each sub-period, TFP growth is affected by agglomeration externalities indices measured in the first year of the sub-period. The results are again suggestive of negative MAR externalities and positive Jacobs externalities. The effect of competition is still weak but average firm size has a significant positive effect on TFP growth.
Conclusion
This paper examines how the local economic structure affected manufacturing productivity growth in Chile between 1992 and 2004. For a given sector, we examine whether locations with a greater concentration of that economic activity performed better in the long-run than locations where economic activity was more diversified. We explore a panel of firm-level data to compute TFP estimates following the semi-parametric methodology of Levinsohn and Petrin (2003) which corrects for the possible simultaneity between input choices and productivity.
Our findings strongly suggest that Chilean comunas with greater concentration of a certain sector have not experienced faster TFP growth. Our findings are more supportive of the view that regional diversity in the sectoral composition is associated with faster long-run growth. These findings are robust to a variety of sensitivity checks, For some cases where the correspondence between the old and the new plant identifier was ambiguous and unclear, we keep the plant with the old identifier and the plant with the new identifier as separate plants. The Chilean dataset has been used extensively in research and is judged to be of high quality. Thus, only minor data cleaning procedures are applied. First, we exclude from the analysis plants with missing identifiers, output or input variables, or sector affiliation. Second, we impute output and inputs to correct for non-reporting by a plant in a single year (occurring in fewer than 30 plant-year observations). Third, we exclude from the analysis plants whose output growth is larger than (smaller than) 400% and those whose output growth ranges between 100% and 300% (-300% and -100%) but is not accompanied by corresponding high (low) growth rates of inputs. The sample includes some plants with discontinuous data over the sample period. For those plants, we consider only the observations across consecutive years for which yearly growth rates can be computed.
Real output is measured as firm sales deflated by a 3-digit ISIC output price deflator constructed from data provided by the National Statistical Institute (INE) of Chile. INE reports indices of production quantity and indices of sales for each 3-digit industry between 1992 and 2004. Since sales=quantity*price, we can derive a price deflator for each 3-digit industry. Real materials is measured as material expenditures deflated by a 3-digit material inputs deflator which is obtained by combining the 3-digit ISIC output price deflator with input-output tables for 1986 and 1996. Real output and real materials are expressed in thousands of constant 1992 pesos. Labor is measured as the sum of owners, executives, professionals, administrative workers, direct and indirect production workers, and home-based workers. Electricity is measured by the quantity of electricity consumed expressed in thousands of kilowatts. Capital is constructed using the perpetual inventory formula to cumulate investment flows. The ENIA collects information on investment flows and on book values for four types of capital goods: land, buildings, machinery and equipment, and transport equipment. We apply the following perpetual inventory method ( An initial value for the capital stock which is necessary to apply the PIM formula is given by the book value of each of the four types of capital in the first year of plant presence in the sample. Whenever information on the book value is available only in a subsequent year, we back out that value using the investment deflator and taking into account the corresponding depreciation rate all the way to the plant"s first year of presence in the sample. Since detailed studies of depreciation rates in Chile are unavailable, we use the depreciation rates proposed by Pombo (1999) who studied the same type of capital goods in Colombia. Specifically, the depreciation rates used are 3% for buildings, 7.7% for machinery and equipment, and 11.9% for transport equipment. Land is assumed not to depreciate. However, we note that our findings are robust to the use of alternative depreciation rates to construct the capital stocks. In order to obtain the firm"s total capital stock we simply sum the capital stocks of land, buildings, machinery and equipment, and of transport equipment.
B. High-Tech and Low-Tech Sectors
We follow the OECD classification of industries according to their R&D intensity into high-tech industries (high-tech and medium-high-tech in that classification) and lowtech industries. High-tech industries are 351, 352, 353, 354, 355, 356, 381, 382, 383, 384, 385 in the ISIC 3-digit classification. Notes: Standard errors in parentheses. *** significant at 99%; ** significant at 95%; * significant at 90%. Dependent variable is T FP growth in the sectorcomuna between 1992 and 2004. Concentration is the sector's employment share in the comuna , diversity is the Hirschman-Herfindhal index of sectoral diversity in the comuna based on employment, competition is the Hirschman-Herfindhal index of sectoral competition in the comuna based on employment, avg. firm size is the average size of firms (measured by employment) in the sector-comuna and initial T FP is the T FP level of the sector-comuna in 1992. Sector fixed effects included are at the 3-digit ISIC level. Notes: Standard errors in parentheses. *** significant at 99%; ** significant at 95%; * significant at 90%. Dependent variable is T FP growth in the region-comuna between 1992 and 2004. Concentration is the sector's employment share in the comuna , diversity is the HirschmanHerfindhal index of sectoral diversity in the comuna , competition is the Hirschman-Herfindhal index of sectoral competition in the comuna , avg. firm size is the average size of firms (measured by employment) in the sector-comuna, and the initial T FP is the T FP level of the sector-comuna in 1992. Sector fixed effects included are at the 3-digit ISIC level. Columns (1) to (5) add different sector-comuna characteristics to the baseline specification reported in Eq. (2) Notes: Standard errors in parentheses. *** significant at 99%; ** significant at 95%; * significant at 90%. Dependent variable is T FP growth in the sector-comuna between 1992 and 2004. Concentration is the sector's employment share in the comuna , diversity is the Hirschman-Herfindhal index of sectoral diversity in the comuna based on employment, competition is the Hirschman-Herfindhal index of sectoral competition in the comuna based on employment, avg. firm size is the average size of firms (measured by employment) in the sector-comuna and initial T FP is the T FP level of the sector-comuna in 1992. Sector fixed effects included are at the 3-digit ISIC level. Column (2) includes only the high tech sectors (chemicals and machinery) and column (3) includes only the low tech sectors (food, textiles, wood, paper, glass, basic metals and other manufacturing sectors). Column (4) uses only sector-comuna cells with T FP growth rates between the 1st and 99th percentile of distribution of T FP growth rates. Column (5) estimates Eq. (2) in the text using weighted least squares. Column (6) does not use weights when averaging firm-level T FP to the sector-comuna level. Column (7) uses firm-level T FP measures obtained from a T ranslog production function using OLS (then averaged to sector-comuna level using employment weights). 
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